Activated sludge system is the essential technology in use for municipal wastewater treatment plant. The system design for pollutants removal, safety analysis and experimentation relied upon an effective, straightforward and reliable model. However, most of the available models are too complex to   use for control purposes either practically or via simulation. Therefore, vehement need for a simplistic 
describing the activities taking place in the system. Models are crucial for improving performance of the system which in turn reduced the operational and maintenance costs drastically. The activities responsible for pollutants removal from wastewater are highly intricate and involve large biological interactions. However, effective organic pollutants removal from wastewater is essential not only to minimize the impact on subsequent processes in the system but to our health and the environment, also to produce an effluent that could meet the recommended standard quality at low cost.
The current modelling tools in use consists of activated sludge models built by international association on water quality (IAWQ) such as activated sludge model no. 1 (ASM1) and its families [1] [2] [3] [4] . These mathematical models are powerful tools that have been in use in wastewater treatment industries, particularly the ASM1 which serves as a state-of-art model [5] . However, complex architecture of the ASM1 and large parameters associated with the model contributed to the difficulties in utilizing the model for control or optimization purpose [6] [7] [8] . Literature revealed that several studies were proposed to simplify the complexity of ASM1 so that applications leading to minimizing the operational and maintenance costs could be easily achieved. From linearization perspective, suggestion by [9] linearized based on the reaction rate through linear combination of states to realized locally equivalent to the ASM1 model. The linear rates are substituted in the dynamic equation of ASM1. The linearized model significantly tracks much closely the ASM1 responses. The proposal by [10] uses linearization around one or more operating point to obtain a multi-model, the global model is realized by combining the valid local multi-model. Another linearized model based on Taylor's series linearization principle was proposed [11] , the approach significantly reduced the computational time. However, loss of information is the main disadvantage of the aforementioned methods.
Also, [12] proposed statistical models whereby the original non-linear model was linearized Neuro-fuzzy approach evolved from integration of neural network and fuzzy system, which creates an effective tool for real-world application. Adaptability, fast learning abilities, accuracy and less computational cost contributed to the success of the approach. Apparently, the neurofuzzy method has become the preferred choice than conventional techniques due to its ability to endure uncertainties in a system. Neuro fuzzy techniques have been implemented to activated sludge system [14] [15] [16] , however, the implementation do not focused on simplifying the complex structure of the state of art model (ASM1), particularly conserving the original ASM1 nature and the states biological interpretation. As mostly control strategies and optimization techniques requires straightforward model and easy to use. ARX is a black box modelling approach based on input, output and transfer characteristics without detailed knowledge of internal operation and structure of the system under consideration.
It is powerful and provides unique solution that satisfies the global minimum of the loss function.
ARX has being widely used in many scientific and engineering problems [17] . The main objective is to provide a simple, reliable and easy to use model capable of effectively describing/predicting the activated sludge system. The system and the proposed technique are described; comparisons were made with ARX model.
II. ACTIVATED SLUDGE SYSTEM
The existing mathematical model is valuable in describing the activities taking place in an Mostly the settler is assumed to be perfect, no dynamics and no biomass in the effluent [18] . The applying mass balance around the biological reactor [19] the dynamics of the system (aerobic process) can be described by the following nonlinear differential equations: , 
where m is the maximum specific biomass growth rate, [20] . Therefore, the typical state variables for carbon removal practically include chemical oxygen demand ( COD ), suspended solids ( SS ) and dissolved oxygen ( O S ) [18] . The treatment efficiency of the plant is determined based on these variables. Therefore, this paper considered these variables.
III. NEURO-FUZZY SYSTEM
Neural network and fuzzy system are robust tools capable of estimating functions without any mathematical representation. However, the weakness of the individual technique serves as an impetus of creating a hybrid structure where the two methods (neural network and fuzzy system) are combined to overcome the limitations of individual approach. This hybrid system is powerful and flexible enough to deal with large system involving ill-defined behaviour. The system determines its parameters by learning algorithm and has a neural network structure constructed from fuzzy reasoning [21] [22] . The learning is used to update the rules in the rule base and optimize the membership functions of a fuzzy system. There are several neuro-fuzzy systems, but here an adaptive neuro-fuzzy inference system (ANFIS) is considered.
ANFIS is an adaptive network trained using a hybrid learning algorithm [Jang, 1993] . The algorithm uses the least square estimation and gradient descent to adapt the parameters in the network. The architecture of the ANFIS is shown in Fig. 2 comprising of five layers with output node in each layer. For illustration, suppose that the fuzzy inference system (FIS) has two inputs (x and y) and one output (z). For the first order Sugeno fuzzy system, a distinctive rule set with two fuzzy "if-then rules" can be given as: The membership functions could be bell-shaped or triangular or Gaussian. Here Gaussian membership function is used. 
The premise and consequent parameters are estimated using the hybrid learning algorithm. The ANFIS uses forward pass and backward pass. In the forward pass, the node outputs go forward until layer 4, the consequent parameters are identified using the least square techniques and then the error measure is calculated. As the values of the premise parameters are fixed, the overall output can be expressed as linear combinations of consequent parameters. 12 
which is linear in the consequent parameters 1 1 1 2 2 , , , , p q r p q and 2 r . In the backward pass, the error signal propagates backward and the set of premise parameters are updated by gradient descent method. Typically, once the training data (input-output data) is made available, this is how ANFIS model is realized. Figure 2 . The ANFIS architecture Sufficient training data which comprises of high and low values of the system are required to build the model. In order to avoid inaccuracies the data set need to be within the training data range and converted into trainable form. The data was normalized between zero (0) and one (1) .The normalized full-scale data set of 170 days was divided into 127 days data for training and 43 days data for validation. The selections of the data were done arbitrarily. ANFIS model is implemented using the available fuzzy toolbox in Matlab 7.1. The function "genfis 1" was used to generate the fuzzy inference system (FIS) based on grid partition on the data set. Four (4) Gaussian membership functions were assigned to each input variable. As the FIS structure is made available, the hybrid learning algorithm is utilized to train the parameters of the FIS by learning from the data to realize the desired model.
IV. RESULTS AND DISCUSSION
Simulation offers a better means of evaluating the performance of different models in predicting the process under consideration. The accuracies of prediction of the models were determining using the root mean square error (RMSE) and mean absolute percentage deviation (MAPD) given by the following expressions: 
where i x is the measured value, i y is the predicted value and N is the number of samples. The concentration level of dissolved oxygen is nil at the inlet of the plant. The influent concentrations for the COD and SS are shown in Fig 3 . Although, there are some drifts, but both the models show good agreement with the measured So, as shown in Fig. 6 . The RMSE for ANFIS is slightly smaller than that of ARX model, which means ANFIS model has better prediction. This support is gratefully acknowledged. Also thanks to the staff of IWK Bunus STP wastewater treatment plants for their support. 
